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A b stra ct. Pre-processing of mammograms is a crucial step in com puter-aided 
analysis systems. The aim of segm entation is to  extract a breast region by 
estim ation of a breast skin-line and a pectoral muscle as well as removing ra­
diographic artifacts and the background of the mammogram. Knowledge of 
the breast contour also allows further analysis of breast abnormalities such as 
bilateral asymmetry. In this paper we propose a fully autom atic algorithm  for 
segm entation of a breast region, based on two types of global image threshold­
ing: the multi-level O tsu and minimizing the measure of fuzziness as well as 
the gradient estim ation and linear regression. The results of our experiments 
showed th a t our m ethod can be used to  find a breast line and a pectoral muscle 
accurately.
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1. In tro d u ctio n
1.1. T h e role o f m am m ograp hy and C A D  sy stem s
According to the reports based on data of National Cancer Registry [1] breast can­
cer is the most frequently diagnosed form of cancer of Polish women, accounting 
for approximately 20% of all new cancer cases each year. There were 14576 cases 
diagnosed in 2008 and breast cancer was the cause of 5362 deaths. Since 1999 mor­
tality  rates have increased progressively, about 1-3% per year. The main cause of
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this situation is late detection of breast cancer. In an attem pt to achieve an ear­
lier diagnosis Polish Ministry of Health introduced breast cancer screening, which 
involves mammographic screening. Mammography is a fundamental method used 
in detection of breast cancer among asymptomatic patients. The detection of an 
asymptomatic cancer increases a cure rate significantly and reduces a mortality rate 
by about 25% [2]. Mammograms can be used to check for breast cancer not only 
women who have no signs or symptoms of the disease (a  screening mammogram) 
but also to  check for breast cancer after a lump has been found (a diagnostic mam­
mogram). The X-ray images make it possible to  detect tumors (th a t often cannot 
be felt), microcalcifications (small deposits of calcium which sometimes indicate the 
presence of breast cancer) and architectural disturbances. Sensitivity of mammogra­
phy in detecting changes in a clinically asymptomatic breast is about 93% (75-80% 
for a dense breast) [2].
A radiologist investigates mammograms for the identification (detection) of po­
tential abnormalities and classifies them  with respect to malignancy (diagnosis). 
Even high quality mammograms can be misread and misinterpreted by experienced 
radiologists, whose sensitivity is about 70% [2]. A mammogram misinterpretation 
can be caused by the great variability in the appearance of normal and abnormal 
tissue as well as by the so called human factor. The most common cause of wrong 
interpretation of mammograms is simply overlooking (caused for e.g. by tiredness), 
then, on the second place, wrong classification of a pathology. It has been shown that 
an independent second reading of mammograms improves the sensitivity of mam­
mography by as much as 15% [3]. Instead of the second reading done by a physician, 
computer systems can be used for abnormalities detection and diagnosis (Computer- 
Aided Detection- CADe and Computer-Aided Diagnosis- CADi), which is often a 
cheaper and faster option.
In this paper we propose a method tha t can be used while image pre-processing 
in the detection process.
1.2. T y p es o f m am m ogram s
The classical mammogram is an analog image: both coordinates of points in the 
image and gray levels can have any values from fixed continuous ranges, whereas in 
digital imaging these values are quantized. Except for tha t and the difference in how 
the image is recorded and stored, there is no other difference between the digital and 
analog mammography. However digital information can be enhanced, magnified, or 
manipulated for further evaluation more easily than information stored on a film. 
In order to receive a digital mammogram three methods can be used:
I. secondary digitalization of analog mammograms using scanners (with all draw­
backs of the original image, like artifacts of the development process or exces­
sive/insufficiently exposed areas),
II. indirect digital imaging (apart from classic analog mammographs it uses digital 
memory plates),
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III. direct digital imaging, where an electronic image of the breast is created on the 
spot.
In screening mammography proper mammographic examination typically involves 
taking two views of the breast, from above (a cranial-caudal view, CC) and from 
an oblique or angled view (a mediolateral-oblique view, MLO). In the CC view, the 
entire breast parenchyma (glandular tissue) should be depicted. In the lateral view, 
the pectoral (chest) muscle should be depicted as a narrow light band on at least 
half of the picture. The nipple should be depicted in a profile and a clear stomach 
fold should be visible under the breast. A pectoral muscle can be found in images 
in the MLO view whereas in the CC view sporadically.
1.3. T h e aim  o f our work
In our work we perform breast segmentation. This task includes breast line and 
pectoral muscle extraction as well as removing artifacts and noise. In our work we 
have chosen pictures in the mediolateral-obligue view, because this view is taken 
obligatory while screening (whereas the CC view is not) and a pectoral muscle 
can always be seen there. This kind of segmentation is im portant before CAD 
systems start. Their region of interest (ROI) is the breast only; background artifacts 
(including labels) and the pectoral muscle, which represent the predominant density 
region, could affect negatively their effectiveness. The knowledge of breast contour 
helps to find abnormalities in breast line profile as well as it is useful in comparing 
images of the same person made over certain amounts of time. Accurate breast 
skin-line detection is especially im portant for locating malignant lesions near the 
skin-line.
1.4. A n  overv iew  o f  m am m ogram  se g m en ta tio n  m eth od s
Over last three decades scientists have willingly undertaken the research in breast 
segmentation. Traditional histogram based algorithms provided good results, but 
nowadays these methods are only the first step in segmentation. They are improved 
by gradient methods, local histogram analysis etc. Apart from them, there are newer 
approaches, which have also proved their effectiveness, such as: active contours, 
classifiers, fuzzy-logic, polynomial modeling, wavelet decomposition, a topographic 
approach or Markov chains. Tab. 1 shows selected works representing each of the 
mentioned methods.
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Tab. 1 . Classification of methods used in breast segmentation
M eth o d 19 9 0 ’s 2 0 0 0 ’s
Thresholding
Lau, Bischof (1991) [27];
Yin, Giger, Doi et al. (1991) 
[34];
Abdel-Mottaleb, Carman, Hill 
et al. (1996) [35]
Raba, Oliver, Marti et al. 
(2005) [5];
Subashini, Ramalingam, 
Palanivel (2010) [4]; 
Abubaker, Aqel, Qahwaji et 
al. (2005) [29];
Masek, Attikiouzel, deSilva 
(2000) [32]
Gradient
Mendez, Tahoces (1996) [6]; 
Karssemeijer, Brake (1998) [9]
Zhou, Chan, Petrick et al. 
(2001) [7];
Kwok, Chandrasekhar, 
Attikiouzel (2001) [8]
Active
contours
Ojala, Liang (1999) [25]; 
Bick, Giger, Schmidt et al. 
(1995) [33]
Liang, McInerney, 
Terzopoulos (2006) [12]; 
Marti, Oliver, Raba et al. 
(2007) [10];
W irth, Stapinski (2003) [11]
Classifiers
Karssemeijer (1998) [26] Saha, Udupa (2001) [13]; 
Tromans, Brady, Warren 
(2004) [14]
Fuzzy logic W irth, Nikitenko, Lyon (2005) 
[16]
Markov chains
Wang, Zhu, Deng et al. (2010)
[15]
Polynomial
modeling
Ferrari, Rangayyan (2005) 
[30];
Mirzaalian, Ahmadzadeh, 
Kolahdoozan (2006) [31]
Wavelet
decomposition
Bozek, Grgic, M ustra (2009) 
[36]
Topographic
approach
Hong, Sohn (2010) [24]
2. A  p ro p o sed  m e th o d
2.1. M am m ogram s’ fea tu res
Breasts are made up of gland, fat and thickened (fibrous) tissue. The nature of X- 
ray images has obvious limitation due to presenting 2D information of 3D objects- 
each pixel on a mammogram represents superposition of two or more overlapping 
tissues. That makes the differentiation between regions more difficult. The intensity
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of each pixel is proportional to the level of absorption X-ray by the tissues in the 
breast- as the X-ray attenuation increases, the gray-levels in the mammogram also 
increase. The breast periphery and the skin-line region are less dense compared to 
the other neighbouring tissues so they are normally very low in gray-level contrast 
on mammograms and make the process of breast skin-line identification harder. In 
contrast, the pectoral muscle is more dense and is characterized by pixels of high 
intensity. The background is the region of a low intensity pixels and low gradient.
2.2. T h e d a ta  set
All testing images come from the Pilot European Image Processing Archive (PEIPA) 
mini-MIAS database of mammograms [17], which is free to  use in scientific research 
under the license agreement. Every of 322 pgm images in the database was digitized 
at the 50 micron pixel edge, reduced to the 200 micron pixel edge and clipped/padded 
so that every image is 1024 x 1024 pixels. The MIAS database provides appropriate 
details of each image, such as a character of background tissue, class, severity and 
image-coordinates of abnormality (if it is present).
2.3. A lgorith m  d eta ils
Our algorithm consists of four steps:
I. Breast direction recognition, image trimming and reflection.
II. Morphological opening of an image.
III. Pectoral muscle extraction.
IV. Breast skin-line estimation.
The first two steps are general image pre-processing steps, whereas the last two are 
indeed two separate sub-algorithms for pectoral muscle extraction and breast line 
estimation.
2 .3 .1 . B reast d irection  recogn ition , im age tr im m in g  and reflection
The MIAS database contains images of left and right breasts, with radiologists’ 
markers, artifacts and empty black regions (Fig. 1). Labels, artifacts and black 
regions can disturb further analysis so it is better to  remove them from the image. 
To make images uniform and further working with them  easier, it is also necessary 
to recognize the breast direction from the pectoral muscle towards the nipple. In
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the next steps we assume th a t the pectoral muscle is on the top left corner of the 
image, so now we have to find the side of the image with the pectoral muscle and 
reflect the image if it is needed. As it was mentioned earlier, as the pectoral muscle 
is dense, it is characterized by high intensity pixels. It is safe to assume th a t in the 
mammogram the pectoral muscle is the biggest object with a regular (triangular) 
region of similar, only high intensity pixels, th a t is located on the upper side of the 
image.
Fig. 1 . An example of the image from MIAS database
We also know th a t unwanted black left and right border regions consist of pixels 
with zero intensity. This assumption is used while scanning through the image from 
top to  bottom, at regular line intervals (in our tests we scanned about 10% of all 
image lines). For each scanned line continuous ranges of close-to-zero intensity pixels 
on both right and left sides are to  be detected. The smallest number from all border 
pixels from the left side and the biggest number from all border pixels from the right 
side define cut-off points for the black regions.
Assumptions on pectoral muscle features are crucial in the next round of scanning 
which takes place on the already trimmed image and affects all lines. In this stage for 
each line we count numbers of pixels with a non-zero intensity from the left border 
to  the center of the image and from the center to  the right border. The side with 
the bigger number of lines with non-zero pixels 'w ins' and from now on we consider 
this side as having the pectoral muscle. If it is the right side, the image is reflected 
so as to have the pectoral muscle on its top left corner. The effect of trimming and 
reflecting the image is shown in Fig. 2.
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Fig. 2 . The trimmed image with the pectoral muscle in the top-left corner
Other unnecessary elements such as markers and artifacts are removed as a side- 
effect of an algorithm of extracting the pectoral muscle.
2 .3 .2 . M orph ologica l op en in g  o f th e  im age
The use of a morphological operation of opening is a standard procedure used for 
smoothing images by removing speckle noise. In our work we applied opening with 
a structuring element of size 3 x 3.
2 .3 .3 . P ec to ra l m uscle ex traction
In this stage we have smoothed the image with the pectoral muscle on the demanded 
location and without unnecessary black regions, but still with labels and other ar­
tifacts outside the breast. The operation we make on such a prepared image is 
multilevel thresholding done with the multi-level Otsu (multiotsu) algorithm [18], 
which classifies pixels in a number of classes based on a number of gray levels (Fig. 
3). We know tha t the pectoral muscle is right-angled triangle shaped, so we do not 
have to analyze the whole image, but we could cut some part of it which is on the
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(a) (b) (c)
Fig. 3 . The result of the multiotsu algorithm with two thresholds
right after the right-most high intensity pixels strip on the top. We start with two 
thresholds and increase this number by one as long as the rest of the operations made 
in this steps will not bring satisfying results, a definition of which will be explained 
later. The intention of these proceedings is to  have the region with high intensity 
pixels containing most of pectoral muscle pixels, the other region with low intensity 
background pixels and at least one intermediate region.
Afterwards we take the region with the pectoral muscle and one of the interme­
diate regions with pixels of one level below (Fig. 3a and 3b). It should be the region 
tha t is adjacent to the first with the pectoral muscle. Next we compute a tran­
sitional area between th a t two regions. If this area contains certain percentage of 
black pixels it is considered tha t the second region is useless for further calculations 
and the multiotsu algorithm is restarted with a greater number of thresholds. On 
the other case (as in Fig. 3a and 3b) we assume tha t the chosen area contains the 
border between the pectoral muscle and the breast.
We calculate hypothetical coordinates of this border by applying the gradient 
operator put together with some adjustment calculations (e.g. we ignore points 
which are too far from the sequence of points previously recognized as border points,
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Fig. 4a). Having border points we use linear regression to  smooth the line formed 
by the chosen points -  the resultant polynomial is acknowledged as a border of the 
pectoral muscle (Fig. 4b).
(a) (b)
F ig . 4 . Border points and the result of linear regression on the trimmed image
As it was mentioned earlier labels and other artifacts are removed on the occasion 
of previous operations. Indeed, after the multiotsu algorithm we have the image with 
the region of low intensity pixels containing the background and skin-air interface. 
Again if we compute the gradient on this image we will estimate the approximate 
breast border. Then if we subtract everything in the image which is on the right 
from this rough border we will get the image with labels and artifacts removed (Fig.
5).
2 .3 .4 . B reast sk in -lin e e s tim a tio n
Detection of the breast border is a two-stage process based on a combination of im­
age binarization and edge detection. In the first stage we use a global thresholding
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(a) (b)
Fig. 5 . The image after removing artifacts
method based on minimizing measures of fuzziness of an input mammogram, de­
scribed by Huang, Wang [19]. After this step we have the image tha t is a collection 
of two regions: the background and the union of the breast and the pectoral muscle 
(Fig. 6a). In the final step we apply the Sobel method to find edges using the Sobel 
approximation to the derivative. It returns edges at those points where the gradient 
of horizontal and vertical measure is maximal (Fig. 6b). These edges are assumed 
as breast skin-line estimation.
3. R e su lts
Our algorithm was tested on 300 selected mammograms from the mini-MIAS data­
base. Each analyzed image was examined by an experienced radiologist who classi­
fied it to one of the two categories: correctly segmented or incorrectly segmented. 
Then the efficiency of our algorithm was evaluated by measuring the total percent­
age error (TPE) expressed as a percentage quotient of the number of incorrectly 
segmented images and the total number of images:
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(a) (b)
F ig. 6 . Breast skin-line estimation
the number of incorrectly segmented im ages_
TPE = -----------------------     - ± — 4--------- ----------- — 100%.the number of all images
The algorithm proved its effectiveness achieving 1% level of the T PE  rate. The 
correctness of the estimation separately for the breast line and the pectoral muscle 
was on the level of 99% and 98%, respectively. Artifacts were properly removed for 
nearly 100% images.
The results obtained by the proposed method indicate that it can overcome 
limitations of existing methods such us:
I. over-segmentation or under-segmentation of the breast region or the pectoral 
muscle region in the case of the fuzzy boundary between the muscle and the 
tissue [5] (Fig. 7a, b, c, d, e),
II. erroneous detection of the pectoral muscle when:
• the pectoral muscle boundary is a curve (i.e. is not close to a straight 
line) [20] (Fig. 7a),
• the intensities of the muscle region change greatly [21] (Fig. 7b),
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• the area of the pectoral muscle in comparison with the breast area is larger 
(Fig. 7c) or smaller (Fig. 7e) than typically [23],
• the pectoral muscle (seems to) consists of several layers [22] (Fig. 7a, b).
(d) (e)
F ig. 7 . Results of pectoral muscle extraction on a selection of non-standard muscles
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4. C o n clu d in g  rem arks
The results of our experiments showed tha t the described algorithm is characterized 
by the high efficiency- the total percentage error was equal to approximately 1%. In 
comparison with algorithms described in literature [5, 10, 11, 15], where effectiveness 
ranged from 95% to 97%, the accuracy of our method is higher by about 2%. The 
approach presented for breast segmentation is among the most effective algorithms 
and our results are similar to the best algorithms described [16, 28]. The proposed 
method can almost completely eliminate the possibility of wrong detection of the 
pectoral muscle region and the breast skin-line. In this context, our fully automatic 
algorithm for breast segmentation in mammograms can be used as a first processing 
step in other medical image applications tha t enable detection of abnormal areas of 
density, mass or calcification which may indicate the presence of cancer.
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